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Abstract With the rapid development of the network, the amount of the evaluation information of the food and bevera-
ge has increased dramatically. The effective analysis of the evaluation information can not only help the consumers
choose the suitable restaurant, but also help the businesses improve service. For this purpose,a restaurant recommenda-
tion method based on LDA(Dirichlet Allocation Latent) model was proposed. First of all,it classifies the evaluation in-
formation according to the emotional tendencies,and then gets the positive evaluation and praise rate. Secondly, it ma-
nipulates the LDA model for text clustering to generate restaurant tags. Finally, it calculates the similarity between the
user’s needs and the restaurant tags,and according to the similarity and the rate of praise, recommends the suitable res-
taurants to customers. We got the real food and beverage comments from the Internet,and carried out the experiment,
As a result, the effect of the restaurant tags produced from this method is good, which could accurately recommend the
restaurants to users.
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